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A Low-Cost Dual Energy CT System with Sparse Data
Yuanyuan Liu, Jianping Cheng , Li Zhang, Yuxiang Xing, Zhiqiang Chen, and Peng Zheng
Abstract: Dual Energy CT (DECT) has recently gained significant research interest owing to its ability to discriminate
materials, and hence is widely applied in the field of nuclear safety and security inspection. With the current
technological developments, DECT can be typically realized by using two sets of detectors, one for detecting lower
energy X-rays and another for detecting higher energy X-rays. This makes the imaging system expensive, limiting
its practical implementation. In 2009, our group performed a preliminary study on a new low-cost system design,
using only a complete data set for lower energy level and a sparse data set for the higher energy level. This
could significantly reduce the cost of the system, as it contained much smaller number of detector elements.
Reconstruction method is the key point of this system. In the present study, we further validated this system
and proposed a robust method, involving three main steps: (1) estimation of the missing data iteratively with TV
constraints; (2) use the reconstruction from the complete lower energy CT data set to form an initial estimation
of the projection data for higher energy level; (3) use ordered views to accelerate the computation. Numerical
simulations with different number of detector elements have also been examined. The results obtained in this study
demonstrate that 1 + 14% CT data is sufficient enough to provide a rather good reconstruction of both the effective
atomic number and electron density distributions of the scanned object, instead of 2 sets CT data.
Key words: X-ray imaging; dual energy CT system; sparse samples; reconstruction; material discrimination;
ART-TV

1

Introduction

Dual Energy Computerized Tomography (DECT)
imaging is a promising technique that simultaneously
uses two X-ray beams with different energy settings
to differentiate materials on the basis of their energyrelated attenuation characteristics[1, 2] . Owing to
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their high detection precision and robust material
identification ability, DECT has been extensively
used in medical and industrial fields, such as bone
mineral density measurement[3] , iron overload
measurement in liver tissue[4] , beam-hardening
correction[5] , and explosive detection and luggage
screening[6, 7] . Currently, several types of DECT
setup are being used. One kind of DECT uses dualsource setup such as the Siemens dual-source CT.
In some cases, a special X-ray tube with fast energy
switching capability is also used for generating DECT
data. Besides, there is yet another typical realization of
DECT, which uses two sets of detectors, as shown in
Fig. 1. One of the detectors functions to detect lower
energy X-rays, while the other detects higher energy
X-rays. Obviously, all these DECT systems are much
more expensive than a traditional CT. This has become
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one of the key problems limiting the widespread
application of DECT imaging systems. In 2009, we
proposed a new DECT system with reduced cost,
wherein the reduction in cost was achieved by reducing
the detector elements (shown in Fig. 2)[8] . Such a
system is referred to as DECT-RD system. The key for
such a system to work depends on the reconstruction
method.
Thus far several methods have been proposed to
address the challenges associated with dual energy CT
reconstruction. In particular, Alvarez and Macovski

Fig. 1 Schematic illustration of a typical DECT imaging
system.
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were the pioneers to work on DECT techniques. They
proposed a basic theoretical framework of prereconstruction by using dual-effect decomposition
method[9] . This method fits the function of attenuation
to a form that can be used to decompose the dual
energy projections from each X-ray path into materialdependent and energy-independent components. It has
two components that can be considered as photoelectric
effect and Compton effect components. Following that,
in 1986, the dual-effect decomposition method was
extended to develop another important method, known
as basis material decomposition method[10] . Recently,
both the dual-effect decomposition and basis material
decomposition methods have gained significant
research interest[6, 11, 12] . In addition, there are several
other reconstruction methods, such as modeling dualpolychromatic imaging with a system matrix and
iteratively solving the problem, are being adopted
in DECT techniques[13] . However, all the above
mentioned works involve complete data set with
higher/lower energy data matched well to each
other. For a system like the one shown in Fig. 2, the
situation is more complicated. In our previous work
reported elsewhere[8] , we developed a reconstruction
method for such a system with only a limited number of
data available for the higher energy level. The feasibility
of such a system was preliminary validated. In this
study, we propose a new reconstruction method for a
complicated DECT-RD system, which is more robust
compared with the method proposed in our previous
work.

2

Background and Materials

In the following, we represent the discrete
effective attenuation distribution of an object by
a lexicographically ordered N -element vector
f D .f1 ;    ; fN / and the sinogram (line integral)
by a lexicographically ordered M -element vector
g D .g1 ;    ; gM  /, where M is the number of detector
bins and  is the number of projection views. In a
regular ideal CT, we have g D Hf. Here H is an
M   N matrix, with its elements denoted byHmn .
2.1

Fig. 2 Schematic illustration of a typical DECT-RD imaging
system.

DECT-RD imaging system

In a polychromatic X-ray imaging case with the
normalized
spectral density distribution defined by
R
s.E/( s.E/dE D 1/, the projection data collected
along an X-ray path l passing the object with
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a1  .=A/ Z n ;

attenuation distribution
.x; y; E/ is
Z

Z
p.l/ D ln
s.E/exp.
.x; y; E/dl/dE
(1)
Here, the detector response can be modeled in s.E/. In
a DECT-RD system, we collect the dense projection
data in the lower energy level of X-ray and the sparse
projection data in the higher energy level of X-ray. A
schematic illustration of the system is in Fig. 2. “Dense”
here means that the arrangement of detector bins (M
bins in total) gives projection data close enough to
satisfy the resolution requirements in the imaging. On
the other hand, “sparse” implies that only L .L <<
M / detector bins are used, which are far enough to
satisfy the resolution requirement. In both “dense” and
“sparse” situations, the number of views is as usual
without any additional limitations. We represent these
two discrete data sets as pLow and pHigh,sp with their
elements being:
Z
 Z
 
Low
Low
pi D ln
s .E/exp
.x; y; E/dl dE ;

a2  .=A/ Z

li

i D 1;    ; L

(3)

Here, i indexes the X-ray path. The superscripts “Low”
and “High” represent the lower energy case and higher
energy case, respectively, while the superscript “sp”
indicates the sparseness of the data. Obviously, such
a setup is expected to greatly reduce the system cost
in detector. From application viewpoint, the main is
associated with the reconstruction, which has to tolerate
the missing of a big number of data for the higher
energy level. To the best of our knowledge, all the
recent studies on the DECT reconstruction methods
using dual-effect decomposition require paired data of
the lower and higher energies. Hence there is a critical
need to develop a new algorithm to recover the missing
data for this type of system.
Before explaining the method proposed in this study,
we will first provide a brief overview of the dual effect
decomposition method that has been used in regular
dual energy CT reconstruction.
2.2

Overview of the dual effect decomposition

For X-rays of energy <1 MeV, the attenuation
coefficients of a certain material can be decomposed
linearly into two basic functions[9, 14] :
ı
.E/ D a1 K1 E 3 C a2 K2 fKN .E/
(4)

(5)
(6)

Here, K1 and K2 are constants, 1=E 3 and fKN .E/ are
the energy dependencies of photoelectric and Compton
effects, respectively. The quantities, a1 and a2 ; are
the decomposition coefficients that are functions of a
material, as expressed in Eqs. (5) and (6). In Eqs. (5) and
(6),  denotes the mass density, Z is the atomic number,
A is the atomic mass number, and n is a constant.
By substituting Eq. (4) in Eq. (1), we obtain:
Z
 Z
 
p.l/D ln
s.E/exp
.x; y; E/dl dE D
Z
 Z
ln
s.E/exp
Œa1 .x; y/K1 =E 3 C
Z

 
a2 .x; y/K2 fKN .E/dl dE D
Z
ln

s.E/exp. A1 .l/K1 =E 3


Z

li

i D 1;    ; M 
(2)
Z
 Z
 
High
High,sp
pi
D ln
s .E/exp
.x; y; E/dl dE ;

n4

A2 .l/K2 fKN .E//dE

(7)

In the last equation
of Eq. (7), we define
Z
Z
A1 .l/ D

a1 .x; y/dl; A2 .l/ D

a2 .x; y/dl

(8)

Using Eq. (8), we arrive at the following expression for
dual energy CT imaging:
Z

Z
Low
Low
3
p .l/ D ln
s .E/exp
A1 .l/K1 =E


Z



A2 .l/K2 fKN .E/ dE
p

High

Z
.l/ D

ln

s

High

(9)

.E/exp. A1 .l/K1 =E 3


Z

A2 .l/K2 fKN .E/ dE
High


(10)

Obviously, p Low .l/ and p .l/ are non-linear functions
of A1 .l/ and A2 .l/, in case that the spectral density
High
distribution s Low .E/ and s .E/ are known. Equations
(9) and (10) can be solved by approximating the
relationship to polynomial functions[8] . Bi et al.[15]
have reported a method to map the pair of data
High
.p .l/; p Low .l// to A1 .l/ and A2 .l/ using a lookup
table, which is built by using A1 .l/ and A2 .l/ and
High
.p .l/; p Low .l// calculated for 28 pure materials at
different thickness. Naturally, if A1 .l/ and A2 .l/ for the
far enough X-ray paths are obtained, we can reconstruct
a1 .x; y/ from A1 .l/ and a2 .x; y/ from A2 .l/ using the
traditional CT reconstruction methods.
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3

Methodology

As mentioned in Section 1, the main difference
between the traditional dual-energy CT and the DECTRD system considered in this study is that a lot
of higher energy level projection data are missing
in our system. Consequently, only sparse data is
available. Based on this condition, we designed the
new reconstruction algorithm considering the following
two aspects. Firstly, according to physics, we know
that the attenuation map of an object under different
energy level differs in the attenuation amplitude, but
has the same structure. In other terms, their highresolution information (such as edges) matches with
each other. Since the data from the lower energy
level projection data is complete, we believe that the
high-resolution information for the higher energy level
projection could be recovered from the lower energy
projection. Secondly, Candes et al.[16] reported that the
exact reconstruction from highly incomplete frequency
information is possible if the original image (or after
transform) is sparse. Taking advantage of these two
aspects, we designed the new reconstruction method.
3.1

187

Reconstruction method for DECT-RD system

The overall reconstruction method for DECT-RD
includes five steps:
Low
Step 1 Set gLow D pLow and reconstruct Of
from
Low
the lower energy CT data according to g
D Hf Low .
This can be done using regular CT reconstruction
methods, such as Filtered Back-Projection (FBP)[14] ,
Algebraic
Reconstruction
Techniques
(ART),
Expectation-Maximization (EM), etc.
Step 2 Estimate the dense projection data for the
High
higher energy level, pO . This is a key step in the
process, and will be described in detail in the next
subsection.
Step 3 Acquire the integral values of dual effect
(Compton and photoelectric) coefficients A1 and A2 by
looking up the full elements H-L curve table[16] using
the dual energy complete projection data pLow (from
High
collected data) and pO
(estimated from Step 2). The
H-L curves used in our study are shown in Fig. 3.
Step 4 Reconstruct the coefficients a1 and a2 from
A1 and A2 , respectively using the traditional singleenergy CT reconstruction algorithms.
Step 5 According to Eqs. (5) and (6), the effective
atomic number (Z/ and electron density (/ of the
scanned object can be computed by:

Fig. 3

Full elements H-L curve table.

Z

p
3

a1 =a2 ;

  2a2

(11)

Here, the division and cubic root are element-byelement operations.
In summary, the overall reconstruction method can
be illustrated by the flow chart shown in Fig. 4. Among
these steps, the key step is the estimation of the
complete higher energy projection data. We will explain
it in detail in the following subsections.
3.2

Estimation of the
projection data

dense

higher

energy

This step is the critical procedure of the reconstruction
method proposed in this study. In the imaging,
the data set from the sparsely distributed detector
is of low resolution, with incomplete frequency
information. As reported earlier[16] , it is possible
to recover image from highly incomplete frequency
information, under the condition that the image
is relatively sparse. Later, Sidky et al.[17] applied
this hypothesis to CT reconstruction in 2006 and
reconstructed an image from few-views and limitedangle projections. Enlightened by these ideas, we
estimate the “dense” higher energy projection data
using ART algorithm, together with the total variance
constraint. Besides that, we use a reconstruction
from the lower energy projection with high frequency
information as an initial estimation. The dashed block
shown in Fig. 4 illustrates the processing steps. Firstly,
the initial Of0 is set to be the conventional reconstruction
Of Low from the lower energy projection data pLow , which
is treated as a monochromatic projection data in this
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High, sp

Of ART D Of ART C ŒHsp T Œ p
m;
m 1
m

ART
1 m

m ŒHsp Ofm
sp
ŒH m;

(13)
where Hsp models the system matrix for sparse data
sp
projection and ŒH m; denotes the m-th row vector of
sp
H .
(c) Positivity constraint operation
( ART
ART
ŒOfm j ; Œ Ofm j > 0
; j D 1;    ; N
Œ Ofn j D
ART
0;
Œ Ofm j < 0
(14)
(d) The TV constraint operation
OfTV D Ofn
(15)
0

Of ART k2
0

ˇn D k Ofn

(16)

For k-th iteration (k D 2,    ; N TV /:
@k Of kTV ˇˇ
dk
dk 1 D
ˇ OfDOfTV ; dk 1 D
k 1
kdk
@fO
TV

TV

Of D Of
k
k

˛  ˇ n  dk

1

1
1k

(17)
(18)

1

The gradient in Eq. (17) is formed by
"
#
@k Of kTV
D
@Of
s;t
.fOs;t
q

" C .fOs;t

fOs

1;t /

fOs

C .fOs;t

1;t /

2

fOs;t

C .fOs;t

1/

fOs;t

2
1/

.fOsC1;t fOs;t /
Fig. 4 Flowchart of the DECT-RD reconstruction method
proposed in this study. The process inside the dashed block
completes the estimation of projection data of the higher
energy level.

step. Within each of the iterations in the estimation of
High
p , one iteration of ART is executed according to the
sparse data pHigh, sp , i.e., update on L rays in total. The
positivity constraint operation simply clips the negative
values to zero. Following that, an inner iteration of
Total Variance (TV) smoothing is executed. The TV
operation is implemented as in Ref. [17]. To be more
specific, the process of estimating the dense higher
energy projection is summarized as follows:
Low
Step 2.1 Initialization: Of0 D Of
Step 2.2 For n-th (n D 1;    ; N Iter / out loop
iteration:
(a) Initialization
ART
fO
D fOn 1
(12)
0

(b) ART operation
For m=1,    , L:

q

" C .fOsC1;t fOs;t /2 C .fOsC1;t fOsC1;t
.fOs;tC1

q

" C .fOs;tC1

2
1/

fOs;t /

fOs;t /2 C .fOsC1;t

(19)
fOs

2
1;tC1 /

The constants ˛ and " are set to be ˛ = 0.2 and " D
10 8 . In Eq. (19), we change the notation a little by
denoting the index of a vector element with 2-D discrete
coordinates (s; t /, in order to avoid introducing new
presentations. The coordinates (s; t / map to one index
for an object domain vector, such as Of and d.
(e) The last update of the TV operation gives the
result of one out-loop iteration,
TV

Ofn D Of TV
N

(20)

Step 2.3 Estimate the projection of full resolution
projection for higher energy level,
High
pO
D HfON Iter
(21)
We would like to point that, within the ART loop, a
good choice of the update sequence of rays will affect
the convergence speed. We suggest an update scheme of
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the corresponding rays from a non-sequential order of
angle. For example, 0 ˚ , 90 ˚ , 45 ˚ , 135 ˚ , 23 ˚ , 113 ˚ ,
  , for a scan with 180 views covering 180 ˚ .

4

Numerical Experiments

Furthermore, the reconstruction method proposed in
this study was validated by numerical experiments. A
Shepp-Logan like phantom containing two materials,
namely natrium and carbon, was simulated as shown in
Fig. 5. The gray area in the figure represents carbon,
while the white area is natrium. There are also two
black elliptical regions in the figure, which are the air
holes. The atomic number of natrium, carbon, and air
are 11, 6, 0, respectively, and the corresponding electron
density are 0.9292, 1.6984, 0 g/cm3 , respectively.
4.1
4.1.1

Setup for simulation studies

Fig. 6 High and lower energy spectra detected by the
simulation system.

General arrangements

The original spectrum from the X-ray tube with a
high voltage of 160 keV was calculated by using
Geant4. External filters composed of 1 mm aluminum
and 0.5 mm copper were used to produce low and higher
energy spectra of 70 keV and 110 keV, respectively. The
corresponding detected spectra are shown in Fig. 6.
A fan beam scan was modeled in the simulation. The
system geometry is shown in Fig. 7. The distance
from the source to the detector layer is 40 cm with
the rotation center in the middle. The length of the
full resolution detector is 26.7 cm. The beam covers
a reconstruction area of 10  10 cm2 , which was
discretized to 256  256 pixels in the reconstruction.
In one scan, projections of 360 views were taken
over 0 . For the lower energy level, 362 detector
elements were arranged, while the detector elements
for the higher-energy level were mounted to the system
as in Fig. 7. The ratio of the sampling rate of the

Fig. 5 The Shepp-Logan phantom used in the numerical
experiments.

Fig. 7

The fan-beam CT setup used in the simulations.

detector between the higher energy and lower energy
was defined to be . In other terms, only L D b1=c
detector elements were mounted for the system. We
refer  as the degree of sparseness. The effective
detecting area of each higher energy detector element is
the same as the lower energy detector element. Figure 7
shows the case of  D 4. In this study, we performed
multiple numerical experiments with different  values
(= 1, 2, 3, 4, 5, 7, 8, 9, 10, 11, 13, 15, 24). Here,
 D 1 denotes the case wherein the detector elements
for the higher energy level is as dense as for the lower
energy level, i.e., complete data is acquired. The bigger
the value of , the sparser is the detector element and
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less data from the higher energy level.
4.1.2 Noise model
In this study, we examined both the noiseless and
noisy simulations. The process of adding noise is as
follows. We define Nin as the input photon number and
Nout as the output photon number. For simplicity, the
noise in Nout is modeled to be Gaussian distributed with
its mean being
 Z

Z
NN out .l/ D Nin s.E/exp
.x; y; E/dl dE
(22)
p
and its standard deviation being NN out . The noise level
is controlled by adjusting Nin . For example, if we need
to have 0.1% (30 dB) noise in data, we set
p
NN out
1
Dp
D 0:1% )
N
Nout
NN out
Z
 Z

Nin D 106
s.E/exp
.x; y; E/dl dE
(23)
Subsequently, noisy p to be used in reconstruction can
be acquired by
Nin
(24)
p D ln
Nout
4.1.3

Reconstruction algorithm

following, we refer these two initialization schemes
parameters

Quantity reconstructed N
Of0
a1
a2
pO High,sp

Iter

This means that the view angles are divided evenly
into 36 groups. The first angle from each group
(36 angles) is processed sequentially, and the next
angle from these groups (another 36 angles) follows
thereafter. In this sequence, the update of ART iteration
is completed, when all the 360 view angles are
processed.
4.1.4 Quality metric
For quantitative comparison, we computed the
Normalized Mean Absolute Distance (NMAD)
measure defined as
ˇ
P ˇˇ
vO i vO i ˇ
i
E() D P ˇ  ˇ
(26)
ˇvO ˇ
i
i

where vO i is the estimated atomic number or elector
density at pixel i for a center case of , and we use the
corresponding reconstructed value with complete data
(=1) as vO i . The smaller the E(), the better is the
quality of reconstruction.
4.2

In the DECT-RD reconstruction method proposed in
Low
this study, both the reconstruction of Of
from the
complete lower energy projection data pLow and the
reconstruction of a1 and a2 from the integral values
of photoelectric and Compton coefficients A1 and A2
were completed by ART with TV constraint, which
is the same as Step 2 in Section 3 for estimating the
dense higher energy projection data, except using a
flat constant as initials. Hence, we are not repeating
the procedure here. The number of iterations of the
outer loop and inside TV loop used in each of these
reconstruction steps is listed in Table 1. We also tested
Low
the results of not using Of
as the initial value, i.e.,
Of0 D 0, in the estimation of higher energy data pO High ,
Low
in order to check the gain from using fO
. In the
Table 1 Simulation
processes.

Low
as: Of0 D Of
and Of0 D 0. Moreover, for better
convergence speed, we ordered the updated sequence
of view angle in ART step by
i;j D i C 10j; 1 6 i 6 10; 0 6 j 6 35
(25)

for

of iterations N
40
80
40
100

reconstruction
TV

of iterations
20
20
20
20

4.2.1

Simulation results
Finding 

In designing a DECT-RD system, the choice of  is
critical. It is difficult to theoretically predict the good
choice of . Therefore, we performed experimental
research and studied the case of various  ( = 1, 2,
3, 4, 5, 7, 8, 9, 10, 11, 13, 15, 24). Using NMAD as
the figure of merit, the reconstruction of atomic number
and electron density with different s are shown in
Fig. 8. We demonstrated the noiseless and noisy (with
23 dB noise) cases, as well as both the initialization
High
schemes in the estimation of pO . From the results
shown in Fig. 8, we can see that the NMAD increases
slowly when  6 7, but increases dramatically for
 > 7. Hence, we believe that  D 7 is the optimal
choice, considering the tradeoff of detector cost and
image quality.
4.2.2 Reconstructions with  =7
Figures 9 and 10 show the reconstruction results from
noiseless and noisy data, respectively, for  D 7. The
results are compared with the complete data case of
 D 1. Figures 11 and 12 show the central vertical
profiles of the corresponding images in Figs. 9 and 10,
respectively. As can be seen from the figures, the atomic
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Fig. 9 Noiseless reconstructions of atomic number (left
column) and electron density (right column). Top row:  = 1;
Low
Mid-row:  = 7, Of0 D Of
; Bottom row:  = 7,
Of0 = 0. Display window: [0, 12] for atomic number and [0,
2] for electron density.

Fig. 8 Variation of the NMAD vs.  for different
conditions. Projection data are reconstructed and
Low
plotted. Two cases of initialization Of0 = 0 and Of0 = Of
,
in estimating the complete dense projection estimation are
also compared.

number and electron density can be reconstructed
rather accurately in case of reducing detector elements
to 1/7. The success of the reconstruction shall be
contributed mostly to the ART algorithm and total
variance constraint, since we do not see much difference
Low
between the reconstructions using Of0 D Of
and Of0 D
0 in this case.
4.2.3

Convergence and image quality
Low
However, setting fO0 D Of
, together with updating
using carefully ordered views help the convergence as
shown in Fig. 13, where a curve of the Square Error
(SE) vs. the iteration number was plotted for estimating

Fig. 10 Reconstructions of atomic number (left column) and
electron density (right column) with 23 dB noise. Top row:
Low
 = 7; Mid row:  = 7, Of0 D Of
; Bottom row:  = 7,
Of0 = 0. Display window: [0, 12] for atomic number and [0,
2] for electron density.

pHigh for the noiseless case with SE defined by
SE D k f Ofn k2
(27)
Here, f is the truth and fOn is the estimation at the n-th
iteration.
In Fig. 14, we show the reconstruction results
for =11. Obviously, the image quality degrades
significantly from the cases of =1 and 7. Moreover,
Low
the initialization scheme Of0 D Of
helps a lot in
this case to get a better image of the atomic number
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Fig. 11
Fig. 9.

Central vertical profiles of the images shown in

distribution.
4.2.4

Noise assessment

Finally, the influence of the noise on reconstruction
was analyzed by performing experiments with noises,
namely, 13 dB, 17 dB, 20 dB, 23 dB, and 27 dB in
the H-L energy projection data with  D 7. Again,
we use NMAD as our quantitative measure of image
quality. The results are as shown in Fig. 15. As we had
expected, the atomic number reconstruction is always
worse and degrades faster than the electron density
reconstruction with increase in noise.

5

Discussion and Conclusions

In summary, we studied a DECT-RD system design,
which acquires only limited data from sparsely

Fig. 12 Central vertical profiles of the images shown in
Fig. 10.

distributed detector bins for the higher energy level,
and proposed a new reconstruction method. The new
reconstruction method demonstrated in this study
includes three key points. Firstly, the ART-TV
technique was employed to estimate the complete data
for the higher energy level, as well as to reconstruct the
decomposition coefficients. Secondly, the lower energy
CT information was used as a prior knowledge to
estimate the projection data at higher energy level. This
increases the convergence speed and also improves
the image quality, when the degree of sparseness is
high. Thirdly, we reordered the updating sequence
of the view angle in ART, so as to increase the
convergence further. After obtaining the estimation of
the complete data for the higher energy level, dualeffect decomposition and reconstruction step for line-
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Fig. 13 Convergence of the cases using different
initialization schemes in estimating the higher energy
data.

193

Fig. 15 Variation of the NMAD of reconstruction for
different noise levels.

Though the results of the simulations performed in
this study are very exciting, more research on this
problem is needed before making such a system to
reality. Further studies will be performed with an aim
to accelerate the method and evaluate its performance
with more modeled physical factors.
Acknowledgements

Fig. 14 Reconstruction of atomic number (left column) and
electron density (right column) for  = 11 with 23 dB noise in
Low
data. The top row results are from using Of0 D Of
, while the
bottom row results are from using Of0 = 0, in the estimation of
High
p . Display window: [0, 12] for atomic number and [0, 2]
for electron density.

integral projection were applied. In this work, we
developed a new reconstruction method based on dual
effect decomposition. However, we believe that a
similar method based on basis material decomposition
will also work.
We used numerical simulations to validate and test
the performance of such a system with the new
reconstruction method. From this study, it is possible to
reduce the 2 sets CT data of DECT to only 1 + 1/7, and
still get reasonably good reconstructions of the atomic
number and electron density distributions. Moreover,
less data could lower the burden of data transmission
from the gantry to computer. These advantages could
be very important factors from practical applications
perspective.
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